In this paper we present a Description Logic approach to extended matchmaking between Demands and Supplies in an Electronic Marketplace, which allows the semantic-based treatment of negotiable and strict requirements in the description. To this aim we exploit two novel non-standard Description Logic inference services, Concept Contraction -which extends satisfiabilityand Concept Abduction -which extends subsumption. Based on these services we devise algorithms to find negotiation spaces and to determine the quality of a possible match, also in the presence of a distinction between strictly required and optional elements.
INTRODUCTION
Matchmaking is, in a nutshell, the process of searching the space of possible matches between generic Request and Offer descriptions to find most promising ones. Collecting and matching complementary needs in order to leverage mutually beneficial transactions is a task at the core of an electronic marketplace, especially in peer-topeer scenario [28, 52] .
The purpose of a matchmaking facilitator is then, basically, filtering those Supplies (or conversely Demands, depending on the point of view), which may be worth pursuing based on a given Demand (Supply). Obviously, a negotiation process may then ensue, up to the actual transaction. The observation that usually descriptions are endowed of a structure and exact match is rare, makes obvious the need for exploiting methods and techniques able to give some kind of score to matches and eventually rank them. Several recent proposals try to formalize with Description Logics (DLs) the matchmaking of supplies and demands in an electronic marketplace (see [25, 55, 53, 22, 40, 24, 21] among others). DLs, in fact, allow for an open-world assumption. Incomplete information is admitted, and absence of information can be distinguished from negative information (we provide a little detail on DLs in Section 2). Furthermore such languages allow to model constraints of structured descriptions as concepts, which share a common ontology. The need for a common, shared, ontology is usually the main objection toward logic-based approaches to matchmaking. Nevertheless, it should be considered that even when requests and offers are expressed in heterogeneous forms, integration techniques [41, 14] can be employed to make heterogeneous descriptions comparable; once they are reformulated in a comparable way, one is still left with true matchmaking problems: i) given a proposal, are there any compatible counteroffers? ii) in the presence of several counteroffers, which, and why, are the most promising ones? Most logic-based approaches tend to use the standard reasoning services of a DL system -subsumption and (un)satisfiabilityto classify potential partners. In brief, if a supply is described by a concept Ë and a demand by a concept , unsatisfiability of the conjunction of Ë and , noted as Ë Ù , identifies the incompatible proposals, satisfiability identifies potential partners -that still have to agree on underspecified constraints -and subsumption of Ë and , noted as Ë Ú , means that requirements on are completely fulfilled by Ë.
As a matter of fact the flat classification into compatible and incompatible matches can be of little help in the presence of, say, some hundred compatible proposals. Usually, proposed approaches exclude the case in which the concept expressing a Demand is inconsistent with the concept expressing a supply, assuming that all requirements are strict ones. However, proposals for matchmaking outside DLs (e.g., [51] ) are much more liberal on this subject, allowing a user to specify negotiable requirements -some of which could be bargained in favor of others. In practice, there can be cases when a request is expressed by a user as a description where some of the requirements are strict ones, while other might be more loose and negotiable. In order to capture this reasonable behavior in a semantic based framework, in this paper we exploit Concept Contraction [17] and Concept Abduction [21] , two novel non-standard inference services for DLs, and present algorithms to discover negotiation spaces and to determine the quality of a possible match, also in the presence of a distinction between strictly required and optional elements. The remaining of the paper is structured as follows: next section revises Description Logics basics and the logic we adopt here. Then we present non-standard inference services we use and motivate the rationale underlying them. In Section 4 our logical setting is motivated and presented. Then, in Section 5, we show how nonstandard inferences can be exploited to deal with negotiable and strict requirements in an extended matchmaking scenario, and finally provide a measure of the match quality. Section 6 discusses related work on the subject. Conclusions close the paper.
DESCRIPTION LOGICS 2.1 Preliminary Notions
Description Logics (DLs) are a family of logic formalisms for Knowledge Representation [9, 26, 3] . To make the paper self-contained, we briefly present introductory notions of DLs.
In DLs, the basic syntax elements arē concept names, e.g., computer, CPU, device, software, role names, e.g., hasSoftware, hasDevicē individuals, e.g., HPworkstationXW, IBMThinkPad,
CompaqPresario.
Intuitively, concepts stand for sets of objects, and roles link objects in different concepts, as the role hasSoftware that links computers to softwares. Individuals are used for special named elements belonging to concepts.
More formally, a semantic interpretation is a pair Á ´¡ ¡ Á µ, which consists of the domain ¡ and the interpretation function ¡ Á , which maps every concept to a subset of ¡, every role to a subset of ¡ ¢ ¡, and every individual to an element of ¡. We assume that different individuals are mapped to different elements of ¡, i.e., Á Á for individuals . This restriction is usually called Unique Name Assumption (UNA).
Basic elements can be combined using constructors to form concept and role expressions, and each DL has its distinguished set of constructors. Every DL allows one to form a conjunction of concepts, usually denoted as Ù; some DL include also disjunction Ø and complement to close concept expressions under boolean operations.
Roles can be combined with concepts using existential role quantification, e.g., computerÙ hasSoftware.wordProcessor which describes the set of computers whose softwares include a word processor, and universal role quantification, e.g., server Ù hasCPU.Intel, which describes servers with only Intel processors on board. Other constructs may involve counting, as number restrictions: computer Ù´ ½ hasCPUµ describes computers with just one CPU, and computer Ù´ hasCPUµ describes computers equipped with at least four CPUs. Many other constructs can be defined, increasing the expressive power of the DL, up to nary relations [15] .
Expressions are given a semantics by defining the interpretation function over each construct. For example, concept conjunction is interpreted as set intersection:´ Ù µ Á Á Á , and also the other boolean connectives Ø and , when present, are given the usual set-theoretic interpretation of union and complement. 
ÄAE Description Logic
As it is obvious, adding new constructors makes DL languages more expressive. Nevertheless, it is a well known result [11] that this usually leads to an explosion in computational complexity of inference services. Hence a trade-off is necessary. In this paper we refer to an ÄAE DL, which can be mapped in a subset of OWL-
Although limited, such a subset already allows a user to specify negotiable and non-negotiable constraints, to verify their consistency, and to hypothesize the feasibility of a trade for a given counteroffer, as we show in the following sections.
Here we present only the constructs of ÄAE (Attributive Language with unqualified Number restrictions) DL (see Table 1 ):
universal concept. All the objects in the domain.
bottom concept. The empty set.
atomic concepts. All the objects belonging to the set represented by . Ù intersection. The objects belonging both to and .
Ê. universal restriction. All the objects participating in the Ê relation whose range are all the objects belonging to . Ê. unqualified existential restriction. There exists at least one object participating in the relation Ê
2 unqualified number restrictions. Respectively the minimum, the maximum and the exact number of objects participating in the relation Ê.
Ontologies are usually designed as simple-TBox in order to express the relations among objects in the domain. With a simple-TBox the left side is represented by a concept name in all the axioms (for both inclusion and definition).
1. definition server computer Ù´ ¾ hasCPUµ 2. inclusion computer Ú´ ½ hasStorageDeviceµ Ontologies using the above logic can be easily modeled using languages for the Semantic Web. The basic idea of the Semantic Web initiative is to structure information with the aid of markup languages, based on the XML language, such as RDF and RDFS [49] , DAML+OIL and more recently OWL [20, 43, 44] . These languages have been conceived to allow for representation of machine understandable, unambiguous, description of web content through the creation of domain ontologies, and aim at increasing openness and interoperability in the web environment. The strong relations between Description Logics and the above referenced languages for the Semantic Web [4] is also evident in the definition of the OWL language. In fact there are three different sub-languages for OWL: OWL-Lite. It allows class hierarchy and simple constraints on relation between classes. OWL-DL. Based on Description Logics theoretical studies, it allows a great expressiveness keeping computational completeness and decidability. 1 Notice that Ê. is equivalent to´ ½ Êµ Table 3 : Correspondence between OWL and DL syntax OWL-Full. Using such a language, there is a huge syntactic flexibility and expressiveness. This freedom is paid in terms of no computational guarantee.
The subset of OWL-DL TAGs allowing to express an ÄAE description logic is presented in Table 3 . Notice that in ÄAE only unqualified existential restriction is allowed; the restriction on the Ç ØÈ ÖÓÔ ÖØÝ must hence be Ó Û Ð Ì Ò
.
As an example we present a translation of an inclusion axiom in DL to OWL.
In the rest of the paper we will use DL syntax instead of OWL-DL syntax, for compactness reasons. Nevertheless all the examples and the ontology we use to model them, can be rewritten using OWL DL syntax.
NON-STANDARD INFERENCES FOR EX-TENDED MATCHMAKING
All DL systems provide subsumption and satisfiability as standard inference services. In some scenarios, such as our matchmaking setting, these services are not sufficient for solving inference problems. Approaches for solving non-standard inference problems are usually based on characterization of subsumption. In the following we briefly present non-standard inference services that will be used in the formalization of our approach to extended matchmaking, which includes the possibility to determine negotiation spaces between supply and demand.
The logical formalization of negotiable requirements we propose is based on Concept Contraction [17] -Contraction has been for-malized by Gärdenfors' [30] as the first step in belief revisionand Concept Abduction [21] . In the following we highlight basic properties of these non-standard inferences, and we refer to [19] for a thorough presentation, in the framework of a tableaux-based approach. We use É as a symbol for a CCP, and we denote with Ë Ç Ä ÈÉµ the set of all solutions to a CCP É. We note that there is always On the other hand, when Ë Ù is satisfiable in Ì , the "best" possible solution is Ë , that is, give up nothing -if possible. Since usually one wants to give up as few things as possible, some minimality in the contraction must be defined. We do not delve into details, and just mention that there exists an algorithm ÓÒØÖ Ø´Ë Ì µ [19] to compute a minimal (and a maximal Ã) for a given supply Ë with respect to a demand and a TBox Ì .
Once contraction has been applied, and consistency between the supply and the demand has been regained, there is still the problem with partial specifications, that is, it could be the case that the supply -though compatible -does not imply the demand. Then, it is necessary to assess what should be hypothesized in the supply in order to start the transaction with the demand. We call this non-standard inference Concept Abduction, in analogy to Charles Peirce's Abduction [46, 39] Also for Concept Abduction, there exist algorithms [21, 19] that can compute À for ÄAE concepts Ë and a simple TBox Ì .
We also note that numerical versions Ö Ò È ÓØ ÒØ Ð´Ë Ì µ of the algorithm exist [23] , computing the number of concept names in a Concept Abduction À, thus providing a score to the similarity between supply and demand.
We note that Concept Contraction extends satisfiability -in particular, by providing new concepts and Ã when a conjunction Ë Ù is unsatisfiable -while Concept Abduction extends subsumption -in particular, by providing a new concept À when Ë is not subsumed by .
DL MODELING OF E-MARKETPLACES
We start pointing out that using standard database techniques to model a marketplace, we would be obliged to completely align the attributes of the supply and the demand in order to evaluate a match. If supplies and demands are simple names or strings, the only possible match would be identity, resulting in an all-or-nothing approach to matchmaking. Although effective for fixed technical domains, such an approach misses the fact that supplies and demands usually have some sort of structure in them. Such a structure could be exploited in order to evaluate "interesting" inexact matches. Vector-based techniques taken by classical Information Retrieval can be used, too, thus reverting matchmaking to similarity between weighted vectors of stemmed terms, as proposed in the COINS matchmaker [38] or in LARKS [53] . Obviously lack of document structure in descriptions would make matching only probabilistic and strange situations may ensue. A further possibility is to use sets of words to describe the structure of supplies and demands. Although this is not our approach, it is interesting to discuss set-based matching since it highlights some properties of matchmaking. Beyond pure identity, one could compute some setbased relations between supplies and demands, such as inclusion, partial overlap, cardinality of set difference, etc. Although Ë and are not identical, the fact that is included in Ë tells the demander that every constraint posed by is fulfilled by Ë, hence -from the point of view of the demander -Ë completely satisfies . However, note that explicitly stated constraints in do not completely satisfy Ë, although they do not exclude Ë either: it can happen that, asking the demander to refine , an exact match ensues.
Our logical approach allows users to state only part of the information about their offers, and moreover, to state information at different abstract levels, leaving to the logic apparatus the burden of comparing specified characteristics. In the following we assume a simple e-marketplace model, whose graphical sketch is pictured in figure 1 , where descriptions of demands/supplies are stored in a repository together with domain ontologies relative to specific marketplaces. As new descriptions (demands/supplies) are submitted to the marketplace they are evaluated by the matchmaking service, which provides best available matches, or leverages initiation of search for negotiation spaces.
To simplify presentation of examples, we also propose in figure 2 a toy ontology, which will be used as reference in what follows.
In an e-marketplace setting, a concept describing a Demand, can be read as a set of constraints on the user request. For example, the simple demand server Ù´ hasCPUµ can be represented by the set server ´ hasCPUµ in which each element represents a constraint imposed by the user. We model a user description, representing a Demand/Supply in an e-marketplace, as two sets of constraints, accounting for negotiable and non-negotiable elements of the request description. In DL terms, we model the nonnegotiable and the negotiable constraints as a conjunction of concepts: negotiable constraints, from now on AE and non-negotiable -strict -constraints, from now on Ë Ì . A graphical sketch of the envisaged scenario is pictured in Figure 3 .
Obviously, if an element belongs to AE it cannot belong to Ë Ì i.e., if´ hasCPUµ is a negotiable constraint, then it cannot be also a non-negotiable one, otherwise an inconsistency ensues within the user specification. Such an inconsistency may be caused by the interaction between the ontology and the user's specifications about negotiable/non-negotiable constraints.
For example, consider the axiom server computerÙ ¾ hasCPUµ in the reference ontology, and a user request server Ù´ ¾ hasCPUµ Ù´ ½ hasOSµ, with Ë Ì ´ ¾ hasCPUµ and AE server Ù´ ½ hasOSµ. Based on the information contained in the previous axiom, and unfolding it in AE , one obtains´ ¾ hasCPUµ also in the negotiable constraints, clearly an incoherent specification of what is negotiable and what is not.
Considering Ë Ìand AE as conjunctions of ÄAE concepts, it is possible to check user negotiability specification coherence, using non-standard inference services in DL. This incoherency can be [21] or its numerical version [23] it is possible to compute how dissimilar AE is from Ë Ìas we will show in the following. Obviously, if Ë Ìand AE overlap, the user can be asked to reconsider negotiable/strict constraints.
FINDING NEGOTIATION SPACES
As discussed in [23] if Ù Ë is unsatisfiable in Ì , and the demander is willing to retract some of 's constraints, partially matching supplies could be reconsidered. Using both the notion of Concept Contraction and the logical formalization of negotiable constraints, we model negotiation spaces within a semantic-based matchmaking framework. Hence, in the following we assume that an actor in the marketplace is willing to play an active role, i.e., s/he is willing to consider retracting on some of the constraints expressed in the initial description to leverage negotiation.
With reference to the ontology in Figure 2 , let us consider a user demand homePC Ù hasComponent.LCDmonitor, with AE hasComponent.LCDmonitor and Ë Ì homePC, and a supply Ë homePC Ù hasComponent.CRTmonitor. It is possible to verify that Ù Ë is unsatisfiable, hence a partial match ensues.
Solving a CCP we obtain Ã where hasComponent.LCDmonitor and Ã homePC.
By definition Ã Ù Ë is satisfiable, hence, Ã potentially matches Ë. We also know that the demand is a conjunction of AE and Ë Ì . Let us point out that, having ÙË unsatisfiable, if Ë Ì Ù Ë is satisfiable, then the unsatisfiability is due to AE (or to the conjunction of elements Ë Ìand other elements in AE ), i.e., the part of the Demand the user is less interested in and may be willing to negotiate on, and -in case-retract.
Even if Ë has some constraints that are in conflict with , we obtain that there is at least a part of Ë Ì(that is the most important one from the user's point of view), which can be potentially satisfied by Ë and, actually, potentially ranked if the user decides to give up a portion of his/her request.
If Ë Ìand Ë are unsatisfiable, there is no way to continue the search of a match, unless the active actor reformulates her/his request or the negotiable preferences. In the latter case it is possible to suggest to the actor which part of Ë Ìhas to be transformed into a negotiable constraint, by solving a CCP on Ë Ìand Ë. The pair Ã can be interpreted as the part that must be set as negotiable ( ), and the one remaining strict (Ã), in order to continue with the process. In fact, by definition, Ù Ë is unsatisfiable and Ã Ù Ë is satisfiable. Actually, the above scenario keeps its significance also if we flip over and Ë, i.e., if we have a Supplier expressing Ë Ìand AE .
In a more formal way, we propose the following algorithm to cope with the extended matchmaking scenario we envisage. The algorithm executes calls to contract and rankPotential and takes as inputs:
: return AEÃ Ò ¼ ;
24: end algorithm
We would like to point out that if the active actor is interested in knowing the constraints s/he has to negotiate it is sufficient having ×Ô × Ò Ö return also computed as in row 3. A similar remark is sound also if the user is asked to reformulate the request. It is possible to ask the active actor if she/he is willing to negotiate also on AE AE , computed in row 12.
Notice that in row 3, ×Ô × Ò Ö solves a CCP on È and rather than on È and AE .
The rationale is easily understandable using an example. Then, in the example at hand we get hasOS.unix rather than ´ ½ hasOSµ.
Also notice that ×Ô × Ò Ö calls the Ö Ò È ÓØ ÒØ Ð algorithm [23] , which is used to compute the length of a concept, based on the corrisponding ontology as follows. AEÃ, the length of Ã that belongs to the solution of a È on È and ; Ò, the result of Ö Ò È ÓØ ÒØ Ð on Ã and È , i.e., how dissimilar is È from Ã
;
Ñ, the length of that belongs to the solution of a Èon È and .
The triple ½ ½ is returned when the elements to give up in the transaction belong to Ë Ì , e.g., there are constraints the user does not want to negotiate on. Ò ½ is a level of "unrecoverable" mismatch. We would like to point out that it may look sufficient, at a first glance, Ñ
, from now on AE. Nevertheless this result corresponds to a distance between and È equal to AE, yet Ë ÌÙ È is still satisfiable. Having Ò ¼ , Ñ AE is still possible when Ë Ì and hence a give up is still possible on all elements of .
Let us now describe the rationale of the three parameters with the help of some examples. We consider the following demand and supply È :
ÙÈ is unsatisfiable because of the axiom on personalComputer in the ontology. Representing with AE ½ and Ë Ì ½ the corresponding sets of negotiable and non-negotiable concepts when the user discards È , i.e., ×Ô × Ò Ö returns Ò ½, and with Ë Ì AE and AE AE the set negotiable and non-negotiable concepts when Ò AE, we have: Case ½. Ë Ì ½ ÙÈ is unsatisfiable, i.e., È is in conflict with some constraints that the user is not willing to negotiate. 3 If the user is interested not only in "how dissimilar is" but also in "why" it is dissimilar, it is enough to solve the CAP: È Ù À Ú Ã.
In such a CAP, À represents the reason for dissimilarity. It is worth noticing that all the examples shown so far, compute the length of a concept by counting specific constructs that appear in the concept definition. Anyway, we can assign, for each atomic concept and for each role, a weight that measures the relevance of the item both in the reference ontology and in the marketplace.
Having obtained elements to measure the quality of the match, the aim is to determine a single expression valid for all the cases. Given the following parameters:
AE is the fraction of N that can be negotiated to continue the transaction Ñ AE Ã is the fraction of AEÃ that we have to negotiate to complete the transaction Ò AE Ã is the fraction of AEÃ that is not specified in È
We propose a function Í´AE AE Ã Ò Ñ µ that depends on the previous parameters, to measure how promising is a match also in the presence of both negotiable and strict constraints. First results obtained with experiments with human users indicate a trend depending on the following simple closed form:
Both terms AE AE Ñ and
¬ have values ¾ ½ ½ . In the former case, the lower bound is reached when Ñ ¼ , i.e., there is no negotiation of constraints in AE and the upper bound represents AE Ñ ¼, i.e., the whole request has to be negotiate in order to continue with the process. In the former case the lower bound identifies a subsumption relation between Ã and Ë.
Notice that the meaning of ½ computed by Í´AE AE Ã Ò Ñ µ is completely different from the the one which can be computed by ×Ô × Ò Ö´È Çµ. While in the former case such a value represents a high score in a ranked list, in the latter one means that È has to be discarded and then not presented to the user among the results.
Example behavior
We present here an example to better clarify the algorithm behavior. Let us consider the following descriptions:
Ë½ Server with only Unix OS installed, equipped with a CRT monitor. Removable USB disk included. 
RELATED WORK
Earliest matchmakers, based on the KQML, were proposed in [29] and [38] . In these works matchmaking was introduced as an approach whereby potential producers / consumers could provide descriptions of their products/needs, either directly or through agents mediation, to be later unified by a matchmaker engine to identify potential matches. Nevertheless the proposed solutions to this challenging issue reverted to either a rule based approach using the Knowledge Interchange Format (KIF) [31] (the SHADE [38] prototype) or a free text comparison (the COINS [38] prototype), which basically deals with descriptions as free-text retrieval tools do. Standard Information retrieval techniques have been also used in the recently proposed GRAPPA matchmaking framework [56] . Approaches similar to the cited ones were deployed in SIMS [1] , which used KQML and LOOM as description language and InfoSleuth [35] , which adopted KIF and the deductive database language LDL++. LOOM is also at the basis of the subsumption matching addressed in [32] .
More recently there has been a growing interest toward matchmaking engines and techniques, with emphasis placed either on e-marketplaces or generic Web services. Significant examples include [53] and [45] where a language, LARKS, is proposed specifically designed for agent advertisement. The matching process is carried out through five progressive stages, going from classical IR analysis of text to semantic match via ¢-subsumption. In [25] an initial setting for semantic-based matchmaking was presented in a person-to-person framework, implemented using the CLASSIC system and based on subsumption matchmaking. In [33] and [55] a matchmaking framework was proposed, which operated on service descriptions in DAML+OIL and was based on the FaCT reasoner. An extension to the approach in [45] was proposed in [40] where two new levels for service profiles matching are introduced. JADE agent platform for semantic web services discovery is used there, on a test ontology based on DAML-S. Notice that there, the intersection satisfiable level is introduced, whose definition is close to the one of potential matching proposed in [22] . The approach presented does not introduce a ranking method to measure proximity of service descriptions. Semantic service discovery via matchmaking in the Bluetooth [8] framework was investigated in [50] . Also here the issue of approximate matches, to be somehow ranked and proposed in the absence of exact matches, was discussed, but as in the previous papers no formal framework was given. Instead a logical formulation should allow to devise correct algorithms to classify and rank matches. In [22, 23] properties that a matchmaker should have in a DL based framework, were described and motivated, and algorithms to classify and rank matches into classes were presented, i.e., Exact match: all requested characteristics are available in the description examined; Potential match: some part of the request is not specified in the description examined; Partial match: some part of the request is in conflict with the description examined. The algorithms are modified versions of the structural subsumption algorithm originally proposed in [10] and compute a distance between each description w.r.t. a request in each class. Matchmaking of web-services described in DAML-S, providing a ranking of matches based on the DL-based approach of [22] is presented in [18] . Also various current commercial electronic marketplaces try to provide some matchmaking capabilities between demand and supply. Jango [27] provides a system that basically only allows comparison, in terms of price, of goods available in on-line stores on the Internet. Obviously the description of the product to be matched has to be complete and consistent and no reasoning on set containment or inconsistency check can be carried out. PersonaLogic [47] allows customers to impose constraints for alternatives seeking. It must be pointed out that constraints cannot be dynamically placed but have to be taken from a pre-determined category set. Kasbah [37] is a more effective system, which allows to dynamically set constraints, yet it does not allow handling of inconsistency and partial or potential matches. A similar approach is also deployed in Tete-a-Tete [42] . A more advanced constraint based approach is proposed in [36] , able to handle conflicting preferences in demands / supplies. Consistency check of preferences is accomplished visiting an offer synthesis graph with path consistency algorithm each time a new offer is entered. A further example is Smartclient [48] , a system that allows users basic criteria adjustment, by presenting an interface that shows the initial search space, which can be reduced by further user interaction with the results. The underlying system basically relies on partial constraint satisfaction techniques. A recent proposal along the same lines is in [57] where negotiation agents are formally modeled using an object-oriented constraint language. IBM's Websphere (SilkRoad) matchmaking environment was the first example of commercial solution that places an explicit emphasis on the matchmaking between a demand and a supply in a peer-to-peer way, which is referred to in [34] as symmetric matchmaking. The environment is based on a matchmaking engine that describes supplies / demands as properties and rules. Properties are name-value pairs constructed using an extension of Corba Trading service language. Rules are basically constructed using a generic script language. Matching is then accomplished by simply comparing properties and verifying rules. No notion of distinction between total, partial, potential and inconsistent matches are present. A similar approach, with descriptions defined in XML and again a rule based decision system is in [16] . Here descriptions of supply / demand can be stored in the e-service platform when a match is not available for further processing should a counterpart become available. In [51] an extension to the original Websphere matchmaker is proposed, which introduces users' specification of negotiable constraints when no total match is available. So the approach aims at some of the issues also addressed in this paper, but with a different, constraint based, perspective.
Related non standard inferences
In [7, 6] the Difference Operator in DLs, originally devised in [54] , was proposed for matchmaking in the framework of web services The approach uses the Concept Difference, followed by a set covering operation optimized using hypergraph techniques. The adopted DL is Ä½. Notice that performing a difference operation needs a subsumption relation between descriptions to be matched, which instead is not required to solve a Concept Contraction Problem. This strict condition may make Concept Difference hard to use in a matchmaking process, where descriptions overlap is usually a sufficient condition to start the process. Furthermore, to the best of our knowledge, there is no algorithm able to compute an exact Concept Difference in a DL endowed of the negation constructor. In [13] an algorithm is proposed for Difference on approximation of concepts. Notice that Concept Abduction may appear similar to Concept Difference, yet it is not so. In [54] difference is expressed as:
Ñ Ü ¾ Ä ´ Ù µ
In [12] it is expressed as:
Ñ Ò ¾ Ä ´ Ù µ . Yet it should be noticed that is needed in the difference; without it would result in a subminimal solution of Ä Ì . At a first glance, also the Least Common Subsumer (Ð ×) [2] could be useful to model the problem of finding negotiation spaces in a matchmaking framework. In fact by Ð ×, given two concepts and , it is possible to compute the concept representing all the properties that and have in common. Nevertheless computing an Ð × may bring to loss of information. For example having Ë Ù and Ù , we obtain Ð × . There is no way to recover information of in Ë and of in .
Matching in DLs has been widely treated in [5] although with no relation to matchmaking. In fact, in that work expressions denoting concepts are considered, with variables in expressions. Then a match is a substitution of variables with expressions that makes a concept expression equivalent to another. Also the more general setting of concept rewriting in DLs has no direct relation with matchmaking.
CONCLUSION
Motivated by the need to extend logic-based approaches to the discovery of negotiation spaces in the matchmaking process, we have proposed a DL formalization of a description in terms of strict and negotiable requirements. Based on this we have exploited novel non-standard inference services, namely Concept Abduction and Contraction, to devise algorithms for the discovery of negotiation spaces and to determine a measure of the overall match quality, to be used in an e-marketplace facilitator. Thorough experiments are in progress with the aid of volunteers to evaluate the correspondence of our approach to human users' perception.
